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Abstract – Organizing school libraries not only keeps library materials, but helps students and teachers in completing
tasks in the teaching process so that national development goals are in order to improve community welfare by producing
quality and competitive human resources. The purpose of this study is to analyze the Unsupervised Learning technique in
conducting cluster mapping of the number of libraries at education levels in Indonesia. The data source was obtained
from the Ministry of Education and Culture which was processed by the Central Statistics Agency (abbreviated as BPS)
with url: bps.go.id/. The data consisted of 34 records where the attribute used was the number of libraries at each level of
education starting from Elementary School, Junior High School, Senior High School and Vocational High School. The
Unsupervised Learning Technique used is the k-medoids method which is part of data mining. The mapping label used is
the high cluster (K1) for the number of libraries and the low cluster (K2) for the number of libraries at each level of
education. The analysis process uses the help of Rapid Miner software. The results of the study indicated that 3 provinces
in the high cluster (K1) and 31 provinces in the low cluster (K2) were for elementary schools; 4 provinces in the high
cluster (K1) and 30 provinces in the low cluster (K2) for Junior High Schools; 13 provinces in the high cluster (K1) and
21 provinces in the low cluster (K2) for Senior High Schools; 8 provinces in the high cluster (K1) and 26 provinces in the
low cluster (K2) for Vocational High Schools. The cluster formed is the optimal school cluster tested with the parameters
of the Davies Bouldin Index (DBI) with results of 0.176 (Elementary School), 0.284 (Junior High School), 0.780 (Senior
High School) and 0.662 (Vocational High School). The results of the research are expected to provide information in
increasing the number of libraries at each level of education so that students and teachers can take advantage of existing
library learning resources at school.
Keywords – Data Mining, K-Medoids Method, Library, School, Unsupervised Learning, Indonesia.
1. Introduction
In the aspect of the world of education, improving the quality of people's welfare and competitiveness is one of the
efforts to achieve development goals [1]–[3]. This is because education is a forum for developing human resources and is
expected to be able to educate and bring society, the nation and the state towards the formation of personality, skills,
intelligence, self-control and religious spirituality [4], [5]. Therefore, one of the efforts to improve the quality of
education is to utilize learning resources such as libraries in schools [6], [7]. According to the Education and Culture
Regulation Number 23 of 2015 concerning Character Development which views that every school should be a
comfortable place and provide inspiration for students, teachers, and or other educational personnel; In addition,
character education must be a joint movement involving the local government, the community, and or parents. According
to [8] the school library stated has functions such as an educational function, an informative function, a function of
administrative responsibility, a research function, a recreational function that can lead to students' love of reading. The
use of school libraries must also be supported by the quality of library managers, especially manners [9]. The purpose of
the study was to map the cluster by utilizing Unsupervised Learning techniques in Indonesia based on educational levels.
This needs to be done so that the government can prioritize the construction of school libraries at the levels of
Elementary Schools, Junior High Schools, Senior High Schools and Vocational High Schools. This needs to be done
considering the school library can lead to student love for reading.
Based on these problems, data mining can be a solution in mapping which is an Unsupervised Learning technique.
The results displayed depend on the weight values collected at the beginning of the construction of a system of similar
value in a certain space or area [10]–[12]. In other words, data mining is a learning method that is suitable for finding or
mapping patterns in the form of clusters of many similar objects that are not entirely the same. A popular data mining
method for clustering is k-medoids which are widely used in business, academia, and industry [13]. The following is an
illustration of unsupervised learning techniques with clustering techniques as shown in the following figure:

Figure 1. Unsupervised Learning techniques in data mining clustering
Several studies related to the k-medoids method in solving problems in terms of clustering such as [14]. This paper
proposes the k-medoids method to measure the performance of the method by calculating the purity value of each
resulting cluster. The results show that the k-medoids method is more suitable for use in the dataset with the encoded
attribute format with the largest data modification value being 91.67%. Next research [15]. This paper proposes a
comparison of the two most popular clustering methods k-means and k-medoids which are evaluated on the transaction
10k dataset from KEEL. The comparison results show that the k-medoids method is much better than the k-means
method both in terms of execution time, is insensitive to outliers and reduces noise. It is hoped that the results of the
research can provide information to the government considering that the role of the government as a facilitator for the
establishment of libraries in each region must really be able to provide support for the current existence of libraries.
2. Methodology
2.1. Data Mining
Data determines a decision in the future, the results of data processed using data mining techniques can be done by
generating new knowledge that comes from old data [16]. Examples of data mining processing can be in the form of
classification, clustering, association and estimation [17]. Processing with clustering techniques is often done as the first
step in the data mining process. There are many clustering methods that have been used by previous researchers such as
K-Means, Improved K-Means, K-Medoids (PAM), Fuzzy C-Means [18].
2.2. K-Medoids Method
The k-means and k-medoids methods have differences. The k-medoids method uses the object as the representative
cluster center (medoid) for each cluster, while the k-means method requires the mean value as the center of the cluster.
group. In addition, the k-medoids method is more suitable for grouping data than the k-means method [10].
2.3. Data
The data source was obtained from the Ministry of Education and Culture which was processed by the Central
Statistics Agency (abbreviated as BPS) with url: bps.go.id/. The data consisted of 34 records where the attribute used was
the number of libraries at each level of education starting from Elementary School, Junior High School, Senior High
School and Vocational High School. The data used is the number of libraries by province and education level for the
2018/2019 academic year. The following is the research data used in mapping the number of libraries by province in
Indonesia.
Table 1. Research data
Province

Aceh
North Sumatra
West Sumatra
Riau
Jambi
South Sumatra
Bengkulu
Lampung
Kep Bangka Belitung
Kep Riau
DKI Jakarta
West Java

Primary
School
2765
5898
2886
2162
1705
318
1057
3000
798
688
2003
10958

Junior
High

High
School

957
2072
712
861
541
1047
357
1091
197
270
1060
3999

450
941
302
384
203
530
127
402
63
124
475
1296

Vocational
High
School
157
770
183
190
141
218
81
351
50
76
542
1985

Central Java
DI Yogyakarta
East Java
Banten
Bali
West Nusa Tenggara
East Nusa Tenggara
West Kalimantan
Central Kalimantan
South Borneo
East Kalimantan
North Kalimantan
North Sulawesi
Central Sulawesi
South Sulawesi
Southeast Sulawesi
Gorontalo
West Sulawesi
Maluku
North Maluku
West Papua
Papua
Source: Rahim, 2020 [19]

13649
1647
12642
2612
2033
2347
3476
2951
1588
2049
1238
279
1500
1864
5066
1683
795
801
1058
762
415
780

3107
449
3663
1122
392
663
1185
1022
595
572
516
128
634
588
1349
630
250
268
423
284
220
425

836
165
1229
435
146
249
440
358
191
177
187
45
203
189
523
260
56
73
226
139
95
163

135
194
1469
486
143
165
192
164
94
95
165
18
140
121
337
110
53
73
87
69
38
91

3. Results and Discussion
By utilizing Rapid Miner software in analyzing the k-medoids method, the model design was made using 2 cluster
labels. The process of determining cluster labels is carried out by looking at the optimal value of the Davies Bouldin
Index (DBI) parameter. The following is the comparison of the DBI values at each level of education for k = 2, 3 and 4 as
shown in the following table and figure:
Table 2. The results of the comparison of the DBI value at each level of education

Elementary School
Junior High School
Senior High School
Vocational High School

K=2
0.176
0.284
0.780
0.662

K=3
0.425
0.417
1.691
2.069

K=4
2.172
0.647
0.361
2.289

Figure 2. Graph of the comparison of DBI scores at each level of education
In Figure 2 it can be explained that the optimal DBI value for clustering is k = 2. Where each level has a small value
compared to k = 3 and k = 4. This is the basis for the number of clusters created, namely the high cluster (K1) for the
number of libraries and the low cluster (K2) for the number of libraries at each level of education. The following is a
clustering model design using Rapid Miner.

Figure 3. The k-medoid model in the RapidMiner design
In Figure 3, it is explained that the data input process is carried out using excel files for each level of education. The
method of analysis uses the k-medoids method where the output uses a validity test with parameters from the Davies
Bouldin Index (DBI). Following are the results of the mapping in the form of clusters from each level of education as
shown in the following figure:

Figure 4. Results of the cluster at the Primary School level
In Figure 4 it can be explained that 3 provinces in the high cluster (K1 = cluster_1) and 31 provinces in the low cluster
(K2 = cluster_0) for Elementary Schools with the scores from the final centroid for K1 = 12642 and K2 = 780.

Figure 5. Results of the cluster at the Junior High School level
In Figure 5 it can be explained that 4 provinces in the high cluster (K1 = cluster_0) and 30 provinces in the low cluster
(K2 = cluster_1) are for Junior High School with the scores from the final centroid for K1 = 3663 and K2 = 425.

Figure 6. Results of the cluster at the Senior High School level
In Figure 6 it can be explained that 13 provinces in the high cluster (K1 = cluster_1) and 21 provinces in the low cluster
(K2 = cluster_0) for Senior High School with the scores from the final centroid for K1 = 523 and K2 = 163.

Figure 7. Results of the cluster at the Vocational High School level
In Figure 7 it can be explained that 8 provinces in the high cluster (K1 = cluster_1) and 26 provinces in the low cluster
(K2 = cluster_0) are for Vocational High Schools with scores from the final centroid for K1 = 337 and K2 = 91.
The following is the recapitulation of the mapping of the number of libraries in Indonesia based on education levels
which are clustered by region (province) as shown in the following graph:

Figure 8. Results of cluster recapitulation based on education levels
Based on the graph described in Figure 8, the use of school libraries based on education level is still low. Nearly 60%
more areas in Indonesia still have a minimal school library at all levels of education. After all, the school library becomes
a forum for students and teachers to take advantage of learning resources which are an effort to improve the quality of
education.

(a) Primary School

(b) Junior High School

(c) Senior High School

(d) Vocational High School
Figure 8. The mapping graph is in the form of clusters at each level (a)(b)(c)(d)

4. Conclusion
Based on the research results, it can be explained that the k-medoids method can be applied to mapping the number of
libraries based on education levels in Indonesia. The results showed that 3 provinces in the high cluster (K1) and 31
provinces in the low cluster (K2) were for elementary schools; 4 provinces in the high cluster (K1) and 30 provinces in
the low cluster (K2) for Junior High Schools; 13 provinces in the high cluster (K1) and 21 provinces in the low cluster
(K2) for Senior High Schools; 8 provinces in the high cluster (K1) and 26 provinces in the low cluster (K2) for
Vocational High Schools. The cluster formed is the optimal school cluster tested with the parameters of the Davies
Bouldin Index (DBI) with the results of 0.176 (Elementary School), 0.284 (Junior High School), 0.780 (Senior High
School) and 2.069 (Vocational High School).
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